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Dynamic Optimisation of Industrial Sugar Crystallization Process
based on a Hybrid (mechanistic+ANN) Model

Vytautas Galvanauskas, Petia Georgieva and Sebastido Feyo de Azevedo'

Abstract — A model-based optimization of an industrial fed-
batch sugar crystallisation process is considered in this paper.
The objective is to define the optimal profiles of the
manipulated process inputs, the feeding rate of liquor/syrup
and the steam supply rate, such that the crystal content and the
crystal size distribution (CSD) measures at the end of the batch
cycle reach the reference values. A knowledge-based hybrid
model is implemented, which combines a partial first principles
model reflecting the mass, energy and population balances with
an artificial neural network (ANN) to estimate the Kinetics
parameters - particle growth rate, nucleation rate and the
agglomeration kernel. The simulation results demonstrate that
the very tight and conflicting end-point objectives are
simultaneously feasible in the presence of hard process
constrains.

I. INTRODUCTION

Vacuum evaporative crystallisers are widely used in the
industrial sugar refining processes. The main goal of these
processes is to produce sugar with desired crystal size
distribution (CSD) specifications, obeying technological
constraints on manipulated inputs and within limited time.
The CSD measures - coefficient of variation (CV) and
average (in mass) crystal size (MA), and the crystal content,
are the main quality criteria of the sugar crystals defined by
ICUMSA (International Commission for Uniform Methods
of Sugar Analysis).

The main challenge of the batch production is the large
batch-to-batch variation of the final CSD (Patience and
Rawlings, 2001) and in particular high CV values (above
30%). This lack of process repeatability results in final
product recycling and loss increase and is caused by several
factors. The most important among them are not proper
liquor/syrup feeding and steam supply, leading to high
supersaturation, and as a result, sporadically occurring
secondary nucleation that increases CV.
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Due to the highly competitive nature of the today’s
crystallization industry, model-based optimization becomes
increasingly accepted as one of the approaches that can drive
the process to its optimal state of profit maximization and
cost minimization [Lauret et al., 2000, Nagy and Braatz,
2003). However, the crystallisation occurs through the
complex mechanisms of particle nucleation, subsequent
particle growth and agglomeration or aggregation,
phenomena that are physically not well understood therefore
their reliable modelling is still a challenging task (Fujiwara
et al., 2005). Most of the reported crystallizer models neglect
the agglomeration effect. For the process in hand this
assumption appears to be irrelevant since agglomeration is
registered in the process run. Mecanistic models accounting
for the three crystallization phenomena usually devolve
biased estimation of CV and MA (Georgieva et al., 2003).
To overcome this problem a knowledge-based hybrid model
(KBHM) was developed which combines a partial
mecanistic model reflecting the mass, energy and population
balances with an artificial neural network (ANN) for
modelling the crystal growth, the nucleation rate and the
agglomeration kernel. The model parameters were tuned
using industrial process data and applying the Levenberg-
Marquart optimisation procedure (Georgieva et al., 2003).
This paper is focused on a model-based optimization
procedure to determine the optimal profiles of the
manipulated process inputs, the feeding rate of liquor/syrup
and the steam supply rate, such that the crystal content and
the CSD measures at the end of the batch cycle reach the
reference values. The main challenge is that the objectives
are rather conflicting and difficult to arrive at
simultaneously. For example the attempts to reduce CV by
means of optimisation of the feeding rate and the steam
supply profiles, and simultaneously to control the
supersaturation levels, may lead to undesirable growth of
MA. Moreover, the hard technological process constrains
reduce significantly the space of feasible optimal points and
make the optimisation task more complex. However, the
application of the stochastic (evolutionary programming)
optimization approach (Li and Haussler, 1996) coupled with
the ANN-based parameterization of the manipulated inputs,
guaranteed better convergence and succeeded to find
feasible optimal profiles for all optimization variables (i.e.
the manipulated process inputs). The performance of the
optimization procedure was evaluated by simulation with
rather satisfactory results.
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II. PROCESS OPERATION

Sugar crystallisation occurs through the mechanisms of
nucleation, growth and agglomeration. The process is
characterised by strongly non-linear and non-stationary
dynamics and can be divided into several sequential phases.

Charging. During the first phase the pan is partially filled
with a juice containing dissolved sucrose (termed liquor).
The initial liquid charged in the pan should cover completely
the calandria.

Concentration. The next phase is the concentration. The
liquor is concentrated by evaporation, under vacuum, until
supersaturation reaches a predefined value. At this stage
seed crystals are introduced into the pan to induce the
production of crystals. This is the beginning of the third
(crystallisation) phase.

Crystallisation (main phase). In this phase as evaporation
takes place further liquor or water is added to the pan in
order to guarantee crystal growth at a controlled
supersaturation level and to increase total contents of sugar
in the pan. In most cases, due to economical reasons, the
liquor is replaced by other juice of lower purity (termed
syrup).

Tightening. The fourth phase consists of tightening which
is principally controlled by evaporation capacity. The pan is
filled with a suspension of sugar crystals in heavy syrup,
which is dropped into a storage mixer. At the end of the
batch, the final massecuite undergoes centrifugation, where
final refined sugar is separated from (mother) liquor that is
recycled to the process.

The unit contains 15 sensors for the following properties
and operating variables: i) inside the pan - massecuite
temperatures at three locations; brix of solution; level;
massecuite consistency; stirrer current; vacuum pressure and
temperature. ii) feed conditions - temperature, brix and flow
rate of feed liquor and feed syrup. iii) steam conditions -
temperature, pressure and flow rate of steam.

Brix is the concentration of total dissolved solids (sucrose
plus impurities) in the solution. Supersaturation is not a
measured variable but can be determined from the available
measurements. The feed flow rates of sugar liquor/syrup and
the steam supply are considered as process inputs. The
crystal contents and the crystal size distribution (CSD)
characterise the product quality.

More details about the process can be found elsewhere
(Feyo de Azevedo et al., 1994, Georgieva et al., 2003).

IIT. KNOWLEDGE-BASED HYBRID (MECHANISTIC+ANN)
MODEL (KBHM)

Based on the available process measurements a detailed
first principles model can be developed. However, it cannot
be utilized in the optimization structure because not all of
the states are observable. To overcome this problem a
knowledge-based hybrid model (KBHM) was obtained
where some parts of the model are approximated by an ANN

(Zorzetto et al., 2000). Short description of the model
follows below.

A. Mass balance
The mass of water (M), impurities (M, ), dissolved
sucrose (M) and crystals (M,) are included in the
following set of conservation mass balance equations

Bl p0-8)+Fp, -, M
% = F,p,B,(1-Pur,) @)
% =F,p,B,Pur,~J,, 3)
di;[ c=J “4)

B.  Energy balance
The second part of the model is the energy balance

L +bF, +cJ,, +d (5)
d vap

cris
t

where Jmp is the evaporation rate and a, b, ¢, d

incorporate the enthalpy terms and specific heat capacities
derived as functions of physical and thermodynamic
properties.

C. Population balance (in volume coordinates)

The kinetic mechanisms of nucleation, crystal growth and
particle agglomeration are defined by the population
balance. The population balance is expressed by the leading
moments of CSD in volume coordinates since the
agglomeration phenomenon must obey mass conservation
low,

dﬂo 51 g

=B —= (6)
kil zﬁﬂo

df, 7 7
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where the volume growth rate is determined as

2/3
G,= 3k§/3(fj G

0

(10)

The kinetic variables (nucleation rate -B, linear growth
rate -G, agglomeration kernel - /) are replaced by a feed-
forward ANN with sigmoid activation functions (4 inputs, 9
nodes in the hidden layer, 3 outputs). The crystallisation rate
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1s determined as

J oy (1
cris c dt

The CSD measures CV and MA are then inferred from the
moments (6-9), (see for more details Georgieva et al., 2003).

D. Hybrid ANN training — sensitivity approach

It is well known that the kinetic parameters depend mainly
on the temperature (7,,), the supersaturation (S), the purity

of the solution ( Pur,, ) and the volume fraction of crystals
(v,). Therefore, these four variables are considered as

networks inputs.

A challenging problem arising by this hybrid network
modelling is that it is not possible to apply the usual
supervised training procedure. The training of a neural
network requires that the network weights are determined in
such a way that the error between the network output and the
corresponding target output becomes minimal. However, in
the hybrid system under consideration, the target outputs are
not available since the kinetic parameters are not measured.
Hence, a new training procedure is required. A possible
scenario is to propagate the network output through some
part of the analytical (fixed) model until it arrives to an
output for which industrial data are available (see Fig.1).

target 7?7
in out
ﬂ—' : X “ e
model
|
J I —

error error

Fig. 1 New supervised ANN training procedure

Among various alternatives, the mass of crystals is
considered as the most appropriate to serve as a target output
in the hybrid network training (Fig. 2).
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Fig.2: Hybrid training procedure

According to equations (4), (6), (10) and (11), the mass
balance of crystals can be rewritten as

M hyb

:3(kvpc)l/3(ﬁohyb)l/:;(MChyb)Z/:;GNN (12)

(12) is incorporated in the hybrid training structure but in
order to integrate it {I,is also required. Therefore its

respective differential equation is involved in the network
training stage,

dix,""

i (13)

1 b2
— g _EBNN(MO ) '

Superscripts syb and NN are used to point out variables
obtained during the hybrid network training. The neural
network computes the estimates for the growth rate, the
nucleation and the agglomeration kernel. These estimates are
propagated through eq. (12-13). The error signal (e, ) for

updating the network weights is a function of two terms

€y = €obs [}\‘G }\‘B }\‘B]T . (14)
It is obtained by multiplication of the observed error (e, )
€obs :MCObS _Mchyb’ (15)

with the gradient of the hybrid model output with respect to
the network outputs

oM’
Ag =—= 16.1
Y (16.1)
aMhyb
B= a; (16.2)
oM’
Apg = —S—. 16.3
B0 (16.3)
The gradients (14-16) can be computed through
integration of the sensitivity equations
dhg __ 9> %
—L = Apg+==, A;(0)=0 17
dt oM, oG o(0) ()
dhy _ O o Oy
= Agp+ , Az(0)=0 18
dt aMchyb B aﬁohyb ( BB ) B( ) ( )
dh i,
B afz afz aMO , 7\«[3(0):0, (19)

= Ag +
dt aMChyb p aﬁohyb B
where £ is the right hand side of (12)

fz — 3(kvpc)1/3 (ﬁohyb)l/3(Mchyb)2/3 GNN .

5037



Note, that while A, can be straightforward obtained, A,
and A, depend on the gradients of the zero moment with

respect to B and B, respectively. In order to determine them
the same strategy is used leading to integration of the
following sensitivity equations with zero initial conditions

dxp _ I 9%
4L JL +=—— ,(0)=0 20

& oy ¥ s %5(0) (20)
dyg _ 9 9
_Bzéx[ﬁ_ﬁ’ %(0)=0, Q1)

dt  du, op
where fis the right hand side of (13)

2
fi=B" —%BNN (ﬁohyb) and
_OE, O,
X = 9B > Xp = B
IV. OPTIMISATION PROBLEM
End-point optimization of batch processes, i.e.

achievement of the best outcome of a finite end-time process
through appropriate manipulation of its input variables is of
concern in many practical control applications. For example,
in the batch crystallization process the parameters MA, CV
and the crystal content are common properties of interest for

optimization. The optimization problem can be
mathematically formulated as:

max J/ = (p(x(t/)ap)a (22)
Ui SU(D) Sty :
S.t.
x=f(x(@),u),P), 0st<t,, x(0)=x, (23.1)
y() = h(x(t), P) (23.2)
g;(x)=0, j=12,...p (24.1)
v;(x)<0, j=12,..1 (24.2)

where (22) is the performance index, (23) is the process
model, function f'is the state-space description, function /% is
the relationship between the output and the state, P is the
parameter vector and 7, is the final batch time.

x(t)e R",u(t)e R" and y(t)e R’ the
manipulated input, also known as the control decision
variable, and the control output vectors, respectively. The
manipulated inputs, the state and the control outputs are
subject to the following constraints,
x()e X,u(t)e Z, y(t)e Y in which X, Z and Y are

are the state,

convex and closed subsets of R",R™and R’. g, and

J

v, are the equality and inequality constrains with p and /

dimensions respectively.

We apply here the practical approach of reformulating the
optimization problem (22) and the process constrains (24) in
an unified structure through the use of a penalty function in
the performance index. It is a simple and intuitive way to
include the constrains in the optimization procedure as an
extra term in the performance function

p I 2
J=and; v (g - X [max0,v )]  25)
j= j=

max

Unnin SU(0)Sha

where g; and v; are the constraints defined in (24) and

a;,i=123 are the weighting factors.

V. OPTIMIZATION PROCEDURE

Process performance index

The crystallizer performance index J, (related to the

final time objectives) has several components. The first
objective is to achieve crystals with a desired final size,
which is quantified by the quality variable MA. It is
practically more relevant instead of defining a fixed end-
setpoint for MA to choose a tight zone around the desired

value. For the process considered these are MA,; =0.55
and MA,,,. =0.60. Therefore
MAmin < MA(tf) = MAmax (26)

The second objective is reducing the quality variable CV as
much as possible. But in practice CV less than a predifined
limit is enough for good performance. Then

CV(t 1) S CV g » With CV,

max = 30% (27)

To guarantee sufficient efficiency of the production, the
crystals should occupy a certain minimum volume of the
pan. This objective is quantified by the crystal content (wc)
WCmin Swe(tp), with we, =50% (28)

min

The main process constrains are related to the
supersaturation and the volume of the pan during the batch.
In case the supersaturation is below a minimum value, the
crystals start dissolving and if the supersaturation is above a
maximum value, undesired secondary nucleation takes
place. Therefore

Smin SS@O<S (29)

max

where for the process in hand reasonable limiting values
are S, =1.02, S, =1.25. The total volume is limited
by the physical dimensions of the pan. Hence

max
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V(t)<V, »with V, =35

max (30)

The decision variables of the optimisation (the process
inputs) are the feeding rate (Fy) and the steam supply rate
(Fs). The optimal switching time between liquor and syrup
supply t,,- was also considered as an optimisation parameter.
Due to technological limits of the process equipment, Frand
F; are up and down limited which is considered as a hard
constrain of the optimisation procedure. The values of steam
and feed temperatures, purities and brix of the syrup and
liquor, vacuum pressure are averaged based on the available
industrial data and during the simulations are kept constant.
The process time is fixed to 90min. The averaged values of
the operational parameters and the input constraints are
summarised in Table 1.

Taking into account (26-30), the general multi-objective
optimization performance index in (22) has the following
particular structure:

J= -, [max(O, AM iy — AM (2, ))]2 -

o) [maX(O’ AM(tf) - AMmax )]2 -
O3 [maX(O’ CV(tf ) - CVmax )]2 -

Oy [maX(O’ WCmin — Wc(tf ))]2 -

(31)
0(‘5 [max((), Smin - S(t))]z -
06 [max(0, S(t) — S )I’ —

07 [max(O, V(t) - Vmax )]2 .

and the optimisation problem (22) can be stated as
follows:

max J
{Fin SF (0% Py Fy in SFL (DSF st}

s min =

(32)

subject to: equations (1-11)

Several methods can tackle the optimisation problem (32).
The derivative based deterministic methods are rather
sensitive to the model initial conditions and do not guarantee
a global optimum but they are faster than the stochastic
methods and are usually more appropriate to on-line
optimisation. Since the aim was to find off-line the optimal
profiles of the manipulated inputs that lead to maximisation
of the process performance index at the end of the process,
the stochastic approach appears to be more efficient solution.
In particular, the evolutionary programming was considered
as the method with less sensitivity to the scaling of the
multidimensional performance index and good convergence

approaching the optimum (Pham, 1998).

TABLE 1. AVERAGED PROCESS PARAMETERS AND INPUT CONSTRAINTS

Parameter Value
Pury, 0.999
Pury, 0.955

By, 0.72
By, 0.765

T 65°C]

T, 137 [°C ]

Py 2.1 [bar]
Fwnin 11 [kg/S]
Fwnax 2.1 [kg/ S]
Fin 0.0 [m’/s]
Fnax 0.0275 [m’/s]

To relax the numerical procedure the optimization
variables are usually parameterised as peace wise constant,
linear or polynomial functions. However, it means less
freedom in determining their final values and leads to
suboptimal profiles. To deal with this problem we express
each optimization variable as a general nonlinear time
function (Galvanauskas et al., 1998)

F(O) = f(ay,ays.ay,t), i=1s, [}, (33)

where ¢ is the time and q,a,,......q;, are parameters to

determine. Then employ an ANN with a single layer and
radial-basis functions (RBF) as the activation units to
approximate (33)

(34)

J=l

where w;are the NN weights and ®; are Gaussian

functions, determining bell shaped relationships:

Qj(t)zexp[— (f_czj) ] .
P

J

(35)

Note that ¢; is the time grid for RBF and p; define the
shape of RBF. In the analysed case c¢; is equal to
equidistantly divided time grid with k=8 and p=400.

The iterative optimisation procedure is summarized in
Fig. 3. The following steps can be distinguished :

1) Assigning initial values of the process states and all
parameters subject to optimization -w;and the switching

time between liquor and syrup £,
2) Computation of the manipulated inputs (33) by solving
(35) and (34) for each variable.

3) Computation of the nucleation rate (EO ), the growth

rate (G) and the agglomeration kernel (#') by the trained
ANN. The ANN outputs are calculated at each integration

step, and the necessary input values S, 7,, v, Pury, are
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supplied from the current state variables and derived
quantities, calculated in the previous integration time instant.

4) The system of differential equations (1-11) is then
solved and the CSD measures CV and MA are derived.

5) The current values of the performance index
components are compared with the reference values (26-30)
and the overall performance index (31) is computed .

6) The performance index is evaluated and the
evolutionary programming technique generates a new set of
w; and ¢, . The procedure repeats starting from the step 2.

7) If no improvements of the performance index (31) is
achieved within a predefined iteration number or the relative
iteration-to-iteration change is insignificant the procedure is
stopped and the final optimal profiles are generated.

G,, B’
B POPULATION  [H CRYSTAL SIZE
ANN BALANCE  [i=0:::3 DISTRIBUTION
(cSD)
0] MA,
cv
GROWTH,
NU%ET.ELION OPTIMISATION
v PROCEDURE
AGGLOME- MASS TECHNOLOGICAL
RATION KERNEL BALANCE CONSTRAINTS
ENERGY
PROCESS
S, 'Il'gu Ve BALANCE FFot PERFORMANCE
Uro, LmEins INDEX
DERNVED
QUANTITIES OPTIMISED
CONTROL PROFILES

Fig.3. Structural scheme of the optimisation procedure

VI. RESULTS AND DISCUSSION

The simulation results are summarised in Figs. 4-7. The
optimal profiles of the steam supply rate and the feeding rate
of liquor/syrup with the respective switching time between
liquor and syrup are depicted in Fig. 4. Based on these
optimal input profiles (determined by the optimization
procedure), the optimal trajectories for the process outputs
are estimated by the model. The optimal profiles of the
supersaturation (Fig.5a), the brix (Fig.5b) and the massecuite
temperature (Fig.5c) can be used then as setpoints in a
feedback control framework.

Fig. 6 shows the main process quality variables along the
batch. Though the PSD objectives are related only with the
final values, the smooth behaviour of MA (Fig.6a) and CV
(Fig.6b) contribute to a higher process internal performance.
Note that the MA final value (0.6mm) is within the margins
defined by (26) and the CV= 28.2% is also less than the
upper limit defined by (27). Moreover it is much less than
the average values of CV (37%-39%) obtained in the real
plant production (Georgieva et al., 2003). The third
objective, quantified by (28), is also satisfied. The crystal
content (Fig.7a) at the process end was 57% of the total
volume (Fig. 7b). The main process constrains related to the
supersaturation and the total volume (29-30) remain within
the predefined limits. V(t)=29m’ corresponds to

approximately 90% utilisation of the working volume which
is considered as a reasonable compromise between
productivity and safetiness.

Simulations with the off-line model-based optimisation

strategy discussed in this paper demonstrate that the very
tight and conflicting end-point objectives are simultaneously
feasible in the presence of hard process constrains. Moreover
it led to a significant improvement in the CV measure of the
industrial sugar crystallisation process as compared to
statistically averaged value of CV achieved by the industrial
data.
For successful implementation of the optimised control
strategy in practice, accurate tracking of the optimised
profiles is required. However, the presence of inevitable
disturbances occurring in the process variables like brix,
purity and temperature of feeding solution, vacuum pressure
or steam temperature can make the manipulated inputs not
optimal any more. A closed loop control is usually the most
effective solution where an on-line input correction is
performed based on the current measurements. These issues
are not treated in this paper but work on them is now in
progress (Georgieva and Feyo de Azevedo, 2006).
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1.400 —F,, kg/s]

A s s 1 s 1
1000 2000 3000 4000 5000

1.200
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0.012 3
I Friiquor [M/8]
—F [m¥%s]

0.008 |- fsyrup’

0.004 -

0.000 1 s A s 1 s 1 s
1000 2000 3000 4000 5000

t, [s]

Fig.4. Optimised steam supply (a) and feeding rate (b) profiles, and the
optimal switching time.
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NOMENCLATURE

Nucleation rate, [1/ m3s]

Brix (mass fraction of dissolved solids)
Coefficient of variation, [%]
Feed flow rate, [m’/s]

Steam flow rate, [kg/s]

Linear growth rate, [m/s]

Overall crystal volume growth rate, [m’/s]
Process performance index

Volume shape factor

j-moment of number-volume distribution
function

Mass, [kg]

Averaged (in mass) crystal size, [m]

Purity (mass fraction of sucrose in the
dissolved solids)

Supersaturation

Time, [s]

Temperature

Volume, [mﬁ]

Crystal content

Agglomeration kernel at any time for

vessel volume, [l/s;

Crystal volume, [m~]

Density, [kg/mé], RBF parameter

Volume fraction of crystals

[°C]

crystals
crystallisation
feed
impurities
liquor / syrup
massecuite
solution
vacuum
evaporation
water

based on total vessel volume, (X =xV)
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